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ABSTRACT

The physical size (largest linear dimension) is a key pa-
rameter when evaluating the risk associated with a par-
ticular piece of space debris. There is information about
physical size in radar observations of space debris ob-
jects, but this information is not easily accessible. The
number of available radar cross section (RCS) estimates
of such objects is small, and the number of physically re-
latable parameters that can be estimated is therefore ex-
tremely limited. Detailed EM modeling is possible, but it
depends on a multitude of parameters, and such model-
ing can therefore only be used to inform and validate ap-
proaches that characterize unknown objects in lower di-
mensional parameter spaces. The well-known Swerling
models have long been used to characterize the proba-
bility distribution function (PDF) for an object’s RCS, in
two broadly applicable classes. We suggest a refinement
of the total scattering PDF in terms of a mixed scatterer
model, where the PDF is a linear combination of sev-
eral separate distributions from the same family but with
unique parameters. We also propose to use regression
modeling to map distribution parameters and other statis-
tics from RCS measurement samples of a single space de-
bris object to physically interpretable parameters for size
and in a limited sense shape. Public databases of space
debris objects with their size and shape will be used to
train and evaluate the performance of these models.

Keywords: space debris; size estimation; radar cross sec-
tion; statistical regression; machine learning.

1. INTRODUCTION

Space Debris is a hazard for all human activities in space,
manned and unmanned. Precise observations of the orbit-
ing population are necessary, both for characterization of
the debris population in a statistical sense and for the pre-
cise estimation of orbits and object properties. The for-
mer is used to assess risk associated with a given mission
profile, and the latter is of critical importance for conjunc-
tion analysis and for collision warnings and the planning

of collision avoidance manoeuvres. For both purposes, it
is vitally important to know the physical dimensions of
the debris objects, as size can determine both how large
a manoeuvre is necessary and how much damage a colli-
sion can be expected to cause.

Radar beam-park experiments have been very successful
in characterizing the distribution of space debris objects,
both in terms of orbital parameters but also in terms of
limiting the estimates of their radar cross section, or RCS.
A recent paper [1] used the EISCAT UHF radar to ob-
serve range and range rates and refine orbit estimates by
matching up the observed SNR curve to that predicted by
simulations. This gives good estimates of RCS for ob-
jects whose RCS does not vary rapidly, i.e., objects that
are isotropic or not tumbling.

For assessment of collision risk and avoidance manoeu-
vering, the physical size of the debris object is the key
parameter. As a next step, we will in an upcoming project
investigate the feasibility of estimating object size and
shape from small samples of RCS measurements in or-
der to:

* statistically characterise the debris population to de-
termine the risk of a given mission profile;

* estimate object properties for conjunction analyses,
collision warnings and planning of collision avoid-
ance manoeuvres.

The object size can be directly related to the RCS only
in cases that are either extremely simple or modelled
in exquisite detail. In this paper we describe instead
a project designed to infer physical size from statistics
and predictors extracted from the sample of RCS es-
timates made for a single object by using regression
models from classical statistics and machine learning.
In order to prove the concept, interpret the regression
models and gain knowledge about the relationship be-
tween RCS statistics and the dimensions and shape of
the space debris objects, we will model the statistical
distribution of the RCS estimates and correlate their pa-
rameters with known properties from ESA’s DISCOS
(Database and Information System Characterising Ob-
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jects in Space) databaseﬂ and the US Space Surveillance
Network’s Space-Track databaseﬂ To this end, we will
also apply cluster algorithms to group features extracted
from the RCS samples and interprete the clusters in terms
of information from the same databases.

The rest of the paper proceeds as follows: Section 2] pro-
vides background theory on RCS measurements of space
debris. The statistical and machine learning methodology
applied to infer space debris size and shape information
and the statistical modelling used to understand and inter-
pret the relations between RCS measurements and object
properties are described in Section [3] A brief discussion
of limitations and assumptions is given in Section , before
Section concludes the paper.

2. THEORY

Radar observations for various studies of space debris
have been made by a range of different radar systems,
as described in [[7} 18} /5, 16]. We focus on monostatic radar
measurements with a stationary antenna beam pointing
direction, referred to as beam-park observations. These
will be performed with the EISCAT UHF radar, which
was previously used in [[1,19, {10} [11]].

The radar measures signal to noise ratio (SNR) for a given
target. With precise information on the orbit of an object
and a detailed model of the radar antenna pattern, it is
possible to estimate the radar cross section, or RCS, of
that target. In most cases the RCS will vary with the ori-
entation of the target with regard to the radar’s pointing
direction, as illustrated in figure[T] Rotation (tumbling) of
the target means that RCS will vary even if the target can
be held in a known position or transit of the radar beam.

Even more complicated is the association of RCS with
physical dimensions of a particular object. Well-known
expressions for computing RCS exist only for the sim-
plest cases of canonical geometric objects such as ellip-
soids and cylinders, but debris from collisions or other
fragmentation events are rarely of simple shape, and they
can also vary greatly in their material properties. When
an object is composited of more than one geometric ob-
jects, so that radio waves can experience multiple reflec-
tions, the RCS of the composite cannot be represented
by simply adding up the RCS of each constituent part,
known as the superposition principle.

Instead, the result will in all but the simplest cases be very
sensitive to the exact configuration of the object, that is,
the relative sizes, distances and angles between the con-
stituents, and also their material properties. Therefore,
the statistical distribution of its RCS measurements can
only be obtained through detailed EM simulations, which
are typically done using computer-aided design (CAD)
models of the object and ray tracing techniques. By re-
peating this for every orientation of the object, a realistic
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Figure 1. The exact observed SNR curve (red line) de-
pends on both the object’s variable RCS, as well as de-
tails of how an object passes through the beam pattern of
the radar (dashed red arrow over blue shading pattern).
Matching up the observed SNR with the envelope curve
of the beam lets us determine the scaling of the RCS as
well as a parameter which characterizes the offset be-
tween the object’s path and one that passes through the
radar’s boresight direction.

and detailed RCS distribution can be obtained. There is
however little chance of solving the inverse problem of
obtaining the geometry and/or material properties of an
orbiting composite object from its RCS distribution. The
parameter space is vast, and even under the most favor-
able conditions the object will only be observed from a
limited subset of all possible orientations.

Since we do not see a way of linking the distribution
model and the physical properties of a composite object,
we will in the following methodology section use a re-
gression model approach to size inference and use clus-
tering to infer shape information. This will link the statis-
tics computed from RCS observation samples to known
properties of space debris objects, and should be able to
do so for both composite and simple objects, unaffected
by the superposition principle. Given the limited number
of observations, we will select our candidate algorithms
among simple and well-known regression models from
statistics and machine learning, and these will not have
any immediate interpretative power. We should also em-
phasise that the approach will not be able to infer detailed
information about shape, only numbers that indicate the
deviation from spherical objects and point targets, and
possibly a clustering that may be interpreted by compar-
ison with DISCOS database classifications in terms of
canonical objects.
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3. METHOD

3.1. Regression modelling

Our overall goal is to develop an algorithm that can ac-
curately predict the size of a space debris object and give
some indication of its shape and geometry. For this pur-
pose, we hypothesise that the size of the radar target will
correlate with its mean RCS and that deviations from this
general behaviour can be related to contributions from
multi-bounce scattering, which can be identified by in-
specting RCS statistics. Under these assumptions, we
will extract statistical features from the RCS samples and
use them in regression models that shall predict size. By
use of methods from clustering and dimensionality re-
duction, we also want to study the grouping of the same
predictors to see if they reveal information about object
shape.

To obtain statistics suitable for the regression and cluster-
ing tasks, we will compute a combination of linear and
logarithmic moments. These are known from statistical
analysis of synthetic aperture radar (SAR) images to have
complementary strengths in retrieval of location parame-
ters and shape parameters, respectively, of the statistical
distribution [14} [13]. We will also extract model param-
eters from distribution models that capture the effect of
mixed scattering from complex and composite objects.
This mixture model [4] is explained in more detail in Sec-
tion In addition, we will extract other features con-
sidered to hold relevant information about potential fluc-
tuations and correlations in measurement series of tum-
bling objects. Feature engineering is in this case seen
to be more appropriate than a modern machine learning
approach, where predictors for the regression model are
learnt from the data, due to the limited amount of training
data. Candidate regression models are both classical sta-
tistical models, like multilinear regression with lasso or
ridge regularisation, and popular machine learning meth-
ods, such as random forest, ensemble methods imple-
menting boosting, and kernel regression techniques.

To test the assumptions and hypotheses underlying the re-
gression approach, we will use theoretical models for the
RCS distribution of canonical objects such as ellipsoids,
cones, cylinders and plates to generate RCS samples. We
will study the correlation between the selected statistics
computed from these samples and the object dimensions
that we specify in these simulations. This data could po-
tentially be used to train the regression models, but could
also introduces biases that we would like to avoid. Re-
gression models aimed for operational use on real data
will therefore be developed on training data consisting of
real RCS measurement, regressors computed from these,
and regressands taken from databases that hold informa-
tion on the dimensions and shape of the corresponding
objects, such as the DISCOS database and the Space
Track catalogue.

Characterisation of a common target will be based on a
small sample of observations of the RCS, rarely exceed-

ing 10-20. For such targets, whose geometry is unknown
and whose RCS cannot be simulated, the detailed recon-
struction of its shape and geometry is not possible. Due
to the small observation samples, the parametrisation of
object shape and geometry must have a low dimension.
Expectations of what can be realistically retrieved should
consider previous work on statistical modelling of radar
targets, such as the well-known Swerling target models
[2] and the more extensive work in [3] on physical char-
acterisation of radar targets from their statistical distribu-
tion and moments.

3.2. Distribution modelling

The statistical distribution model for samples of RCS
measurements will explicitly model mixtures of scatter-
ing sources, as first described in [4]], and later used in [3]]
for similar modelling of SAR measurements. This model
will encompass the classical Swerling target models from
[2]], but is more general and extends to non-standard RCS
distributions. The mixture model is able to fit the distri-
bution of objects with a mixture of scattering effects, for
instance a composite object where the constituent parts
contribute scattering of different intensity. Let the RCS
measurement of a given object be denoted as X and as-
sume that it can be modelled as X = X; 4+ X5, that is,
the additive combination of two scattering from two con-
stituent parts, whose RCS contribution are X; and X5.
Then the probability density function (pdf) of X is mod-
elled by the mixture model as:

px () = mpx, (x;601) + Topx, (z; 01)

—ox () + (- (@),
where 7 and o are the mixing proportions of the mix-
ture components X; and X5, which can be simplified by
setting m; = m and o = (1 —7), since 71 + 79 = 1 must
hold. We assume that the pdfs of X; and X5 come from
the same distribution family, but have different parameter
vectors 8, and ; 05, respectively, that typically contain a
mean value and spread or shape parameter. The mixing
proportion 7 and the parameters of vectors 1 and ; 05
can be estimated from the RCS sample using methods
derived in [4]. Notably, the theory in [4] and [3] is de-
rived for synthetic aperture radar (SAR) intensity, which
is a variable resulting from incoherent integration of mea-
surements of the Earth surface. However, a similar the-
ory for radar variables that represent coherent integration
will be derived with inspiration from [12]], where data on
a coherently integrated SAR format known as single-look
complex is modelled.

The adopted mixture model can easily be be related to
the Swerling models, that can be conceptualized as either
one dominant and several weaker scatterers (types 1 and
2) or several equally strong scatterers (types 3 and 4). The
mixture model we will use considers scattering distribu-
tion to be a combination of multiple gamma distributions
(of which the exponential form in Swerling types 1 and 2
is a special case), possibly with different weights as well
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Figure 2. Project overview showing that space debris objects will be tracked by the EISCAT radar; Time series of SNR
measurements will be converted to RCS samples, which will be used to model the RCS distribution and extract RCS
statistics that capture dimensional characteristics of the object; These will be use as regressors in a regression model
for size and shape trained on databases of known object properties. Simulated RCS samples of canonical and composite
objects will be run through the same regression model to verify the mappings. Machine learning algorithms will also be
used to cluster the RCS statistics, and the grouping will be interpreted using shape information from the DISCOS and

Space Track reference databases.

as shape and scale parameters. When applied to SAR im-
agery, the shape parameter is determined by the amount
of multi-looking, or incoherent integration. We will have
control over the raw data processing chain, and can exper-
iment with different amounts of coherent and incoherent
integration in the processing of raw data to see what is
best suited for the purposes here.

The estimated parameters of the distribution models will
be correlated with properties of the space debris object
they represent to investigate their interpretative value.

4. USE OF SIMULATIONS

We aim to use the mentioned simulations of RCS distri-
butions to study the identifiability of different geometri-
cal objects from RCS samples and derived statistics. Sim-
ulated RCS distributions based on the geometric classifi-
cation of targets in the DISCOS database will be used to
check for consistency with the empirical distributions of
the same targets.

In addition, a small number of fairly simple composite
objects will be defined for the purpose of detailed EM
simulations to obtain their RCS. This will serve to vali-

date the approach, in the sense that we can see that com-
posite objects are identified as consisting of multiple ba-
sic shapes, and hence not well modelled as a canonical
distribution. It will also serve to validate the fundamen-
tal assumption that the overall size of an object correlates
with the mean value of the distribution. These simula-
tions will use CAD models for the selected objects and
ray tracing for the RCS computations.

4.1. Measurement campaigns

EISCAT radars have been used for space debris measure-
ment campaigns for several years already, resulting in a
total of 500 hours of radar data, typically with around 2
000 hard targets detected per 24 hours.

A certain subset of EISCAT data taken in the past have
recorded voltage-level data. In this project, we aim to
collect and reprocess all of the available historic data us-
ing the hard target processing developed for space debris
observations. Hard target echoes will be correlated to the
catalogue at the time of observation, and detections can
be collected for objects that appear multiple times. This
lets us build up a catalogue of scattering histograms for
different objects suitable for the statistical model devel-
opment.



Planned activities in the project include new observation
campaigns, both of the beam-park type with a fixed point-
ing for 24 hours, and observations where repeated obser-
vations will be attempted of particularly interesting tar-
gets from a pre-defined list.

Targets will be chosen to span over many different geo-
metric shapes and sizes. In particular, orbiting calibra-
tion spheres will be included , likewise the large defunct
satellite ENVISAT as well as objects down to a cubesat
in size.

5. DISCUSSION

The purpose of this method is to come up with a more
accurate assessment of the physical size of space debris
objects from radar detections. While we expect to make
improvements in such size estimates, it is important to
also understand the limitations inherent in the problem
formulation.

Firstly, measurements made with radar can only say
something about objects that are visible to a radar in the
first place. This seems an obvious point, but it can be
easy to overlook. If an object comprises large parts made
of fibreglass, these are not visible on radar and the size of
the total structure is likely to be underestimated.

Secondly, we have no control over the orientation of the
objects to be observed, and some simple geometries have
RCS that render them undetectable in all but a very lim-
ited number of aspects (e.g. a flat plate has extremely
small RCS in all aspects except broadside). An ob-
ject with similarly restricted observability is unlikely to
present its visible side to the observer on the ground. This
means that its size will be underestimated, if indeed a de-
tection is made at all.

6. CONCLUSIONS

We have presented a project that will attempt to infer size
and shape information for space debris from radar cross
section samples obtained from radar beam-park measure-
ments with the EISCAT UHF radar. Background theory
and methodology for statistical modelling and inference
was introduced. As the main results, the project expects
to produce a method to perform light curve matching to
produce RCS estimates from SNR measurements given
long enough tracklets of the objects. We will collect RCS
statistics from multiple tracklets for single objects. Ob-
ject size will be inferred from RCS statistics and accu-
racy will be reported. We hope to obtain some indication
of shape from RCS regression in terms of a broad cate-
gorisation. We will further use the size estimates to assist
with validation of the size distribution in debris models.
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